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310-: rDocument Types { 
\ Product Datasheet { 

STATISTICAL_Ml { prodbroch-0003.acro.txt, 
prodbroch-00O4.acro.txt, prodbroch-0006.acro.txt } 

} 
320 “*Applicant Resume { 
322 STATISTICAL_Ml { resume-0001.acro.txt, resume-0002.acro.txt, 

resume-0003.acro.txt, resume-0004.acro.txt } 
324 ‘ SYMBOLIC_Ml { engineering } 
326 = SYMBOLIC_M2 { programming languages, software, hardware, 

algorithms} 
\ } 

} 

350 \ 
Document Types { 
Product Datasheet { 

STATISTICAL_MI {prodbroch-00O3.acro.txt, 
prodbroch-0004.acro.txt, prodbroch-0006.acro.txt } 

STATISTICAL_M1_FEATURES { } 
} 
Applicant Resume { 
STATISTICAL_MI { resume-O00l.acro.txt, resume-O002.acro.txt, 

360 _ r resume~0003.acro.txt, resume-0004.acro.txt } 

STATISTICAL_M1_FEATURES {calendaring system, Conference, 
deployed web applications, Designed, J avaScript, MySQL, 

k Online, PHP, PL/SQL, Responsible, SQL Server, XSLT, J2EE } 
370 __\r_ SYMBOLIC_Ml { engineering } 

SYMBOLIC_M1_SUBTREE { 
{06045011} engineering#2, engineering science#l, 

applied science#l, technology#2 { 
{06046129} aeronautical engineering#1 
{06053496} architectural engineering#1 

g } } 
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SYSTEM AND METHOD OF BUILDING AND 
USING HIERARCHICAL KNOWLEDGE 

STRUCTURES 

CROSS-REFERENCE TO RELATED 
APPLICATIONS 

This application is related to US. Patent Application No. 
60/778,869, entitled “SYSTEM AND METHOD or EFFICIENTLY REP 
RESENTING AND SEARCHING DIRECTED ACYCLIC GRAPH STRUCTURES 

IN DATABASES”, to Walter Chang, Nadia Ghamrawi and Arun 
Swami, which was ?led on Mar. 3, 2006. The disclosure of the 
above application is incorporated herein by reference in its 
entirety. 

REFERENCE TO APPENDIX ON COMPACT 
DISC 

This patent application is supplemented by a technical 
appendix submitted on compact disc, which conforms to the 
International Standards Organization (ISO) 9660 standard, 
showing example ontologies saved as plain text ?les in 
American Standard Code for Information Interchange 
(ASCII) format; the submitted technical appendix includes 
two ?les entitled “DocTypes-SeedOnto.txt” (created Feb. 16, 
2006 and being 2,589 bytes in siZe (4,096 bytes used)) and 
“DocTypes-AugmOnto.txt” (created Feb. 16, 2006 and being 
56,1 19 bytes in siZe (57,344 bytes used)); the submitted tech 
nical appendix is hereby incorporated by reference in its 
entirety. 

BACKGROUND 

The present disclosure relates to content management sys 
tems, and in particular, to creating and using hierarchical 
knowledge structures. 

The ability to automatically classify and categorize content 
is an important problem in content management systems. The 
need to categoriZe content occurs in both consumer and enter 
prise related content work ?ows. Numerous methods have 
been developed to address this problem. These methods typi 
cally use either symbolic knowledge representation or statis 
tical machine learning techniques. 
A symbolic knowledge representation is typically referred 

to as an ontology. In computer science, an ontology generally 
refers to a hierarchical knowledge structure that contains a 
vocabulary of terms and concepts for a speci?c knowledge 
domain, such as Bioinformation, and contains relevant inter 
relationships between those terms and concepts. Symbolic 
knowledge generally refers to knowledge represented explic 
itly through precise domain vocabulary words (e.g., “Gene”) 
and their explicit relationship to other words (e.g., “has sub 
type” “recessive gene”). 
A traditional symbolic knowledge ontology is typically 

constructed by hand by one or more domain experts (e.g., 
biologists), and such ontologies are often very detailed and 
precise, which can present dil?culties in search and catego 
riZation applications. In a symbolic ontology, a team of 
human domain experts will typically de?ne the top level 
categories which form the structure of the ontology, and then 
manually ?ll in this structure. Human knowledge engineers 
also maintain and update this structure as new categories are 
created or discovered. 

For large symbolic ontologies, a tree structure of ontology 
nodes is frequently created and stored in a database. A data 
base structure called anAdjacency List is normally used. The 
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2 
Adjacency List typically consists of pairs of nodes, each pair 
representing a parent-child connection between nodes. 

Another approach used in content management systems 
involves machine learning techniques. In computer science, 
machine learning typically refers to a class of algorithms that 
generally employ statistical and probabilistic analysis meth 
ods to learn information from designated sample data (typi 
cally example documents also known as document “training 
sets”). In contrast with symbolic knowledge methods, 
machine learning methods represent knowledge in fuZZier 
and less precise ways, which can provide bene?ts in terms of 
scalability and ease of document classi?cation. 

In a machine learning system (which may or may not use an 
ontology) a set of training documents is identi?ed for each 
category, and the system “learns” the relevant features (key 
words and phrases) for each category. When a new document 
is presented to the system, the document’s features are 
extracted and statistically compared to training document 
features previously extracted by the machine learning system. 
The result of the comparison is a set of categories and scores 
that best match the likely topics in the new document. This 
approach is scalable but can be very sensitive to the data in the 
document training set. 

There are numerous ontology standards, building and edit 
ing tools, and ontology-based document classi?cation sys 
tems. Existing ontology products build and edit symbolic 
ontologies, and various standards exist that describe the 
semantics of these ontologies. In particular, ISO-39.19 and 
W3C OWL-DAML using RDF (Resource Description 
Framework) are common methods for specifying symbolic 
ontologies. Existing ontology products include those from 
Ontology Works, Inc. (of Odenton, Md.), Semio Corporation 
(of San Mateo, Calif.), International Business Machines 
(IBM) Corporation (of Armonk, N.Y.), Oracle Corporation 
(of Redwood City, Calif.), Autonomy Corporation (of San 
Francisco, Calif.), ClearForest Corporation (of Waltham, 
Mass.), and Stratify, Inc. (of Mountain View, Calif.). In addi 
tion, existing classi?cation systems use machine learning 
techniques such as Latent Semantic Indexing or Bayesian 
Networks. 

SUMMARY 

This speci?cation discloses various embodiments of tech 
nologies for creating hybrid hierarchical knowledge struc 
tures that combine both symbolic and machine learned 
knowledge. In general, embodiments of the invention feature 
a computer program product and a method including receiv 
ing a ?rst ontology including initial categories, an indication 
of sample data for a given category of the initial categories, 
and an indication of symbolic knowledge for the given cat 
egory; and populating the ?rst ontology with new features to 
form a second ontology, the populating including determin 
ing the new features from the sample data using a statistical 
machine learning process and retaining the new features and 
the symbolic knowledge within the second ontology in asso 
ciation with the given category. 

These and other embodiments can optionally include one 
or more of the following features. The sample data can 
include sample documents. The determining can include 
extracting attributes from the sample documents; calculating 
a statistical concept-distance metric for the attributes; select 
ing a ?rst subset of the attributes that are more distinguishing 
with respect to the sample documents based on the calculated 
statistical concept-di stance metric for the attributes and a ?rst 
user-controllable input; and selecting a second subset of the 
?rst attribute subset based on the given category and a rel 



US 7,644,052 B1 
3 

evance measure for attributes in the ?rst attribute subset with 
respect to the given category, the relevance measure being 
affected by a second user-controllable input; wherein the new 
features include attributes in the second attribute subset. 

The calculating can include calculating information gain 
for an attribute A in relation to documents S and categories C 
by which the documents S are grouped, and calculating the 
information gain can include handling separately a subset of 
the documents S, for which the attribute A is absent, to 
improve performance with respect to populating sub-con 
cepts in the second ontology. The handling separately can 
include using a fraction of entropy associated with the docu 
ment subset for which the attribute A is absent. Moreover, 
calculating the information gain can include calculating a 
smoothed Zero-value information gain (SZVIG) in accor 
dance with an equation: 

ISAIVI H(SA:V), 
ISI 

wherein V A is a set of values v for the attribute A for the 
documents S, SA:“ is a partition of the documents S based on 
V A, and H(x) is a determined entropy of a set x. 

The determining can include discretiZing frequency values 
V A for the attributeA in the documents S based on a statistical 
variance of the frequency values V A; and wherein input for the 
calculating the information gain includes the discretiZed fre 
quency values. The discretiZing can include grouping the 
frequency values V A based on a maximum per-group variance 
determined according to a third user-controllable input. 

The determining can include determining a variance in the 
calculated statistical concept-distance metric for the 
attributes, and selecting the ?rst subset can include selecting 
the ?rst subset based on the ?rst user-controllable input com 
bined with the determined variance in the calculated statisti 
cal concept-distance metric for the attributes. The determin 
ing can include determining a variance in frequency values 
for the attributes, and the relevance measure can be affected 
by the second user-controllable input combined with the 
determined variance in the frequency values for the attributes. 

The indication of symbolic knowledge can include a tag 
and a keyword, the tag indicating an existing symbolic ontol 
ogy, and the populating can include mining the existing sym 
bolic ontology based on the keyword to obtain the symbolic 
knowledge. The existing symbolic ontology can include a 
public ontology of an online lexical reference system, and the 
mining can include accessing the online lexical reference 
system over a network. The indication of sample data can 
include a second tag and references to sample documents, the 
second tag indicating the statistical machine learning process 
selected from multiple available statistical machine learning 
processes. 

Operations effected by the computer program product, and 
the method, can further include receiving a query; and retriev 
ing information from the second ontology based on the query, 
where the retrieving includes combining contributions of per 
tinence, with respect to the query, from the machine-leamed 
new features and the symbolic knowledge. The query can 
include a balancing factor, and the combining can include 
adjusting the contributions from the machine-leamed new 
features and the symbolic knowledge based on the balancing 
factor. The query can include a document, and the retrieving 
can include identifying a category for the document. In addi 
tion, the query can include a search string, and the retrieving 
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4 
can include identifying a document related to the search 
string; and obtaining information associated with the identi 
?ed document. 

In another aspect, embodiments of the invention feature a 
knowledge management system including a hierarchical 
knowledge structure that categoriZes information according 
to cognitive and semantic qualities within a knowledge 
domain, the hierarchical knowledge structure including dis 
crete knowledge types included within a common informa 
tion category of the hierarchical knowledge structure, the 
discrete knowledge types including knowledge represented 
explicitly through domain vocabulary words and relation 
ships among the domain vocabulary words, and the discrete 
knowledge types including knowledge represented as desig 
nated sample data to be processed using statistical machine 
learning analysis, wherein the knowledge management sys 
tem includes a computer program product operable to cause 
data processing apparatus to process the discrete knowledge 
types and to effect a programming interface used to access the 
hierarchical knowledge structure; and a document handling 
system con?gured to use the programming interface to access 
and obtain information from the knowledge management sys 
tem. 

The computer program product can be operable to cause 
data processing apparatus to perform operations including 
extracting attributes from the designated sample data; calcu 
lating a statistical concept-distance metric for the attributes; 
selecting a ?rst subset of the attributes that are more distin 
guishing with respect to the designated sample data based on 
the calculated statistical concept-distance metric for the 
attributes and a ?rst user-controllable input; selecting a sec 
ond subset of the ?rst attribute subset based on the given 
category and a relevance measure for attributes in the ?rst 
attribute subset with respect to the given category, the rel 
evance measure being affected by a second user-controllable 
input; and augmenting the hierarchical knowledge structure 
with the second attribute subset. 
The computer program product can be operable to cause 

data processing apparatus to perform operations including 
mining an existing symbolic knowledge resource based on a 
keyword; and augmenting the hierarchical knowledge struc 
ture with results of the mining to add to the knowledge rep 
resented explicitly through domain vocabulary words and 
relationships among the domain vocabulary words. More 
over, the computer program product can be operable to cause 
data processing apparatus to perform operations including 
retrieving information from the hierarchical knowledge 
structure based on a received query, the retrieving can include 
combining contributions of pertinence, with respect to the 
received query, from the discrete knowledge types. 
The document handling system can include an enterprise 

work?ow system. The document handling system can include 
a resource management system. The document handling sys 
tem can include a content management system. Moreover, 
other system implementations are also possible. 

Particular embodiments of the invention can be imple 
mented to realiZe one or more of the following advantages. A 
knowledge domain can be more e?iciently and comprehen 
sively represented. Signi?cant improvements in both the pre 
cision and recall of user queries to ?nd relevant content can be 
realized. Moreover, the ability of a knowledge management 
system to classify and categoriZe new content can also be 
signi?cantly improved. 
An ontology can include both symbolic knowledge and 

machine learned knowledge, where the ontology employs a 
common ontology representation for both symbolic and 
machine learned features. This hybrid ontology can be more 
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readily scalable and useful in search and categorization appli 
cations, and can also capture explicit semantics (e.g., that a 
recessive gene is a type of gene). The ontology system pre 
sented in this document can provide a framework or language 
for several kinds of knowledge aggregation within the same 
ontology, and the process of evaluation of query results can 
then exploit this framework/language. The framework can 
provide a reusable infrastructure for interpreting text docu 
ments several ways. The process for growing and extending 
an ontology can use statistical and symbolic methods, includ 
ing new statistical methods described herein. Information 
gain can be used as a statistical method, together with feature 
discretiZation and feature relevance selection, to populate the 
ontology with new concepts. The feature discretiZation can 
include a variance based attribute discretiZation that can be 
used in preprocessing feature vectors to improve accuracy of 
information gain calculations. Moreover, the attribute dis 
cretiZation described can provide a way of discretiZing a set of 
real numbers based on a user-controllable clustering of their 
values, with reduced computationally requirements and with 
out dependence on observing the assignments of the feature 
values to speci?c categories. 

The described information theoretic and statistical meth 
ods can be particularly amenable to supporting the construc 
tion and simultaneous use of multiple disparate ontologies 
constructed in a similar way using the same data but different 
initial groupings of documents. The constructed ontologies 
can be used to rank and categoriZe query documents by com 
paring the terms in the query documents to individual nodes 
and their surrounding nodes. Thus, appropriate categories can 
be discovered for newly received documents using an ontol 
ogy knowledge structure built using both symbolic and 
machine learned knowledge. 

Multiple approaches to building and maintaining ontolo 
gies can be combined into one knowledge management sys 
tem. A hybrid ontology system and associated language for 
incorporating multiple kinds of symbolic and statistical meth 
ods, as described, can represent varying symbolic and statis 
tical relationships in one structure. The traditionally labor 
intensive nature of building and maintaining ontologies can 
be reduced, a customiZed information gain technique can be 
employed to improve identi?cation of sub-categories within 
an ontology, and a variance threshold approach to selecting 
and assigning features to ontology node categories can result 
improved machine-learned features in an ontology. Learning 
from examples can assist the identi?cation of sub-categories. 
Moreover, using symbolic knowledge from public ontologies 
to augment statistical knowledge can further assist the devel 
opment of sub-categories, which may not otherwise be rep 
resented suf?ciently by the examples in a given context. 

Both explicit symbolic and relational knowledge can be 
imparted from formal taxonomy or ontology structures, as 
well as machine knowledge acquired through statistical 
machine learning techniques. This can enable various imple 
mentations across a broad range of classi?cation applications 
requiring automatic organiZation of information or docu 
ments. The ability to capture symbolic knowledge into an 
ontology structure can allow explicit concepts and terms and 
their interrelationships to be directly incorporated into the 
ontology to assist in classi?cation and query tasks. 

Machine learning algorithms typically learn from 
examples via statistical processing, resulting in models of a 
domain that can be used to make predictions about that 
domain. However, such models often include considerable 
noise and errors. Such models also tend to be abstract models 
for which augmentation with other knowledge is dif?cult, if 
not impossible to accomplish in a meaningful way. The 
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6 
present systems and techniques can be used to deduce mean 
ingful relations from statistically trained models and incor 
porate that into a single ontology representing one, common 
model. By exploiting suitable learning methods (such as the 
information gain and the variance threshold methods 
described) in building an ontology structure, the present sys 
tems and techniques can gain the advantages of statistical and 
probabilistic knowledge that has been gleaned from 
examples, as well as the advantages of a model representation 
that allows for augmentation of external knowledge, such as 
symbolic knowledge or other knowledge also deduced from 
statistically trained models. 
The details of one or more embodiments of the invention 

are set forth in the accompanying drawings and the descrip 
tion below. Other features, aspects, and advantages of the 
invention will become apparent from the description, the 
drawings, and the claims. 

BRIEF DESCRIPTION OF THE DRAWINGS 

FIG. 1 is a ?owchart showing an example process of cre 
ating and using an ontology. 

FIG. 2 is a block diagram showing an example process of 
building an ontology. 

FIG. 3 shows an example seed ontology and an example 
populated ontology. 

FIG. 4 is a ?owchart showing an example process of deter 
mining new features for an ontology from sample documents 
using statistical machine learning. 

FIG. 5 is a block diagram showing an example process of 
selecting features to use in augmenting an ontology. 

FIG. 6A shows a comparison of different attribute value 
discretiZations. 

FIG. 6B shows attribute value discretiZations in combina 
tion with thresholds used to determine the best overall fea 
tures. 

FIG. 7A shows an example initial directed acyclic graph 
(DAG) structure. 

FIG. 7B shows an example of adding a new node and path 
to the DAG structure of FIG. 7A. 

FIG. 7C shows an example effect of adding a second new 
node to the DAG structure of FIG. 7B, and the resulting paths. 

FIG. 7D shows example DAG taxonomy structures with 
shared data nodes. 

FIG. 7E shows an example DAG path table with path 
compression. 

FIG. 7F shows another example DAG path table with path 
compression. 

FIG. 8 is a block diagram showing an example system 
implementation. 

FIG. 9 is a block diagram showing another example system 
implementation. 

FIG. 10 is a block diagram showing an example process of 
using an ontology. 

Like reference numbers and designations in the various 
drawings indicate like elements. 

DETAILED DESCRIPTION 

As used herein, the word “document” refers to an elec 
tronic document. An electronic document (which for brevity 
will simply be referred to as a document) does not necessarily 
correspond to a ?le. A document may be stored in a portion of 
a ?le that holds other documents, in a single ?le dedicated to 
the document in question, or in multiple coordinated ?les. 
The present application generally involves combining 

aspects of both symbolic and machine learning categorization 
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techniques to allow machine learning processes to be more 
selective while still working well with employed symbolic 
methods, and to allow automatic creation of knowledge struc 
tures, called ontologies, which represent domain-speci?c 
knowledge. These knowledge structures can be used to auto 
matically classify and organiZe content, such as text docu 
ments, image documents, or any documents containing meta 
data (any tagged media). 

FIG. 1 is a ?owchart showing an example process of cre 
ating and using an ontology. The process is generally broken 
up into two primary stages, or modes of operation: build-time 
100 and run-time 150. During build-time 100, a ?rst (or seed) 
ontology is received at 110. The seed ontology includes initial 
categories (e.g., a hierarchy of topics), an indication of 
sample data (e.g., sample documents of an enterprise) for a 
given category of the initial categories, and an indication of 
symbolic knowledge (e. g., knowledge derived through analy 
sis of cognitive and semantic qualities of a knowledge 
domain, as opposed to knowledge derived through a purely 
statistical analysis of features from a corpus) for the given 
category. This seed ontology is then populated at 120 with 
new features to create a new larger (populated) ontology. The 
populating can involve determining the new features from the 
sample data using statistical machine learning techniques and 
retaining the new features and the symbolic knowledge 
within the second ontology in association with the given 
category. Thus, the ontology knowledge structure is built 
using both symbolic and machine learned knowledge. 

During run-time 150, a query is received at 160. This query 
can be a document or a user entered search string. Then, 
output from the populated ontology can be generated at 170 
based on the query. For example, a new document can be 
submitted to a knowledge management system, which can 
automatically search and classify the new document against 
the created ontology to produce a set of ranked categories that 
correspond to the most likely topics in the new document. 
User entered search strings can be treated in a similar manner 
to identify a set of ranked categories that correspond to the 
most likely topics in the search string. Moreover, the output 
can be the set of ranked categories, a highest ranked category, 
or information derived from such category information (e.g., 
a set of keywords that can be used in archiving a new docu 
ment, or additional information obtained by drawing an infer 
ence from an identi?ed category to information being sought 
by the user who entered the search string). 

FIG. 2 is a block diagram showing an example process of 
building an ontology. A seed ontology 200 can be created by 
a user. This seed ontology 200 forms the upper level of the 
desired categorization hierarchy. The user can also specify a 
set of example documents 210 for one or more of the catego 
ries in the seed ontology 200. In addition, the user can specify 
explicit keywords 220 for one or more of the categories of the 
seed ontology 200. 
The example documents 210 can be processed using sta 

tistical machine learning techniques (e.g., by the information 
gain and feature selection learning algorithms described) to 
discover vocabulary and terms relevant to a given category. 
Text data can be extracted at 240 from the documents 210. 
This text data can be pulled from the body of the documents 
210, from metadata for the documents 210, or both. Feature 
extraction can then be performed at 250 on the text data using 
relatively simple lexical tokeniZation algorithms (e.g., a fea 
ture extractor consisting of a natural language tokeniZer and/ 
or shallow parser), or more sophisticated commercial seman 
tic entity extractors. A document feature extractor is used to 
identify and extract semantic entities such as person, com 
pany, product, city names, or logical noun groups. Various 
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8 
known commercial products can provide this feature extrac 
tor capability (e. g., ThingFinder software provided by Inxight 
of Sunnyvale, Calif., or Machinese software provided by 
Connexor Oy of Helsinki, Finland). 
A feature is an attribute of a content object that is atomic 

and potentially useful in distinguishing one content object 
from another (note that a feature/attribute can be a single 
word or a phrase). A collection of features from a single 
document can be used to form a feature vector (a collection of 
features associated with a content object). As used herein, the 
word “features” encompasses the possible use of a feature 
vector for a document. 
The keywords 220 can be used to populate symbolic 

knowledge subtrees at 230 from public ontologies such as 
WORDNET® 2.1 (available from the Cognitive Science Labo 
ratory at Princeton University, of Princeton, N.J.). The sym 
bolic knowledge subtrees can be provided along with the 
extracted document features to populate the seed ontology 
200. In addition, the extracted document features can be 
initially stored in a database, and then retrieved by a feature 
selection process at 260 to identify and rank the most distin 
guishing features. The most signi?cant (valuable) and distin 
guishing features can then be selected by an augmentation 
process at 270 (feature assignment and ontology construc 
tion), which uses selected features to build a new ontology 
280. This new ontology 280 can be stored in a database 290, 
such as a relational or object-oriented database. 
The ontology 280 can simultaneously represent both sym 

bolic and machine learned features. The ontology 280 can be 
represented as a directed acyclic graph (DAG) of nodes, 
where an ontology node describes or signi?es a concept, 
which can be recorded by a body of text. An ontology node 
can include references to both symbolic and statistical knowl 
edge sources for the concept of the node. For example, the 
ontology node can include sub-nodes (which can be sub 
trees) together with data from the original seed ontology and 
data acquired during the ontology building process. A sub 
node can be identi?ed by a tag that indicates a type for the 
sub-node, and thus also indicates an extraction method (or 
point of view) for the knowledge contained in the sub-node. 

FIG. 3 shows an example seed ontology 300 and an 
example populated ontology 350. The seed ontology 300 
includes both descriptive keywords and the names of docu 
ments or descriptive ?les which can be read by the system 
during the learning modes. In this example, there are two 
document types (initial categories) shown: Product Datasheet 
310 and Applicant Resume 320. The Product Datasheet cat 
egory 310 references only example documents for the cat 
egory: prodbroch-0003.acro.txt, prodbroch-0004.acro.txt, 
and prodbroch-0006.acro.txt. The Applicant Resume cat 
egory 320 references both example documents and symbolic 
keywords. 
The Applicant Resume category 320 includes a STATIS 

TICAL_Ml tag 322 and associated references to example 
documents: resume-000l.acro.txt, resume-0002.acro.txt, 
resume-0003.acro.txt, and resume-0004.acro.txt. The STA 
TISTICAL_M1 tag indicates that a ?rst statistical machine 
learning technique is to be used to glean knowledge for the 
category from the listed example documents. Additional tags 
can also be provided, and thus one or more statistical machine 
learning techniques can be used in building a single ontology 
350. 
The Applicant Resume category 320 also includes a SYM 

BOLIC_Ml tag 324 and a SYMBOLIC_M2 tag 326, and 
associated keywords to be used in generating symbolic 
knowledge subtrees from different symbolic knowledge 
ontologies. Thus, one or more symbolic knowledge sources 
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can also be used in building the single ontology 350. These 
tags thus represent indications of the type of ontology aggre 
gation to be performed within a given node of the ontology, 
and a user is free to mix and match (when constructing the 
seed ontology) the types of ontology augmentation to be used 
at each node. 

This structure allows concepts to be described in multiple 
ways, and allows a given concept node in the ontology to 
include multi-faceted descriptions of the concept at hand. 
Once the seed ontology 300 has been processed to form the 
populated ontology 350, a single concept node can include a 
wealth of information that has been extracted from different 
knowledge sources using very different methods. In the given 
example, the Applicant Resume node 320 now includes 
STATISTICAL_M1_FEATURES 360, which have been 
derived from the sample documents using statistical machine 
learning, and also includes a SYMBOLIC_M1_SUBTREE 
370, which has been derived from a public symbolic ontol 
ogy, such as WORDNET® 2.1. 

This approach allows the representation and implementa 
tion of a hybrid of different kinds of ontology augmentations 
using a combination of statistical and symbolic methods. 
Furthermore, it provides a framework for extending the aug 
mentation to use other symbolic and statistical techniques, by 
simply adding more tag types and associated algorithms, for 
performing the augmentation. Thus, multiple aspects of 
domain knowledge (which are learned and recorded in mul 
tiple and varied ways) can be represented and processed in a 
single hierarchical knowledge structure. This structure can be 
viewed as a hybrid ontology structure that provides a consis 
tent and uniform way of representing both symbolic and 
machine learned knowledge. 

It should be appreciated that the example ontologies shown 
in FIG. 3 are only portions of the whole. In typical applica 
tions, the seed ontology 300 will be larger than that shown, 
and the populated ontology 350 will be much larger than that 
shown. In addition, the populated ontology 350 can include 
additional information useful for diagnostic or archival pur 
poses, such as build parameters used for both the machine 
learning and symbolic knowledge building processes, and 
output measurements from the machine learning. Informa 
tion included in the constructed ontology can include the 
number of best features found by information gain, the num 
ber of features per category, and values for user controllable 
training parameters; a detailed example of such is provided in 
the technical appendix. Moreover, the machine learning and 
symbolic ontology building methods used by the system can 
be known methods, or the new methods described herein. 

FIG. 4 is a ?owchart showing an example process of deter 
mining new features for an ontology from sample documents 
using statistical machine learning. Initially, feature values can 
be discretiZed at 410. Frequency values for the extracted 
features can be calculated and stored in a features database 
along with the features. For a given feature (word or phrase), 
the corresponding frequency values specify how often the 
given feature occurs across a corpus (a set of documents). For 
example, a term may occur with frequency 0.3 in one group of 
one or more documents, and frequency 0.7 in another group 
of one or more documents. 

These frequency values can be retrieved, along with the 
features, and then grouped into value-range buckets to 
decrease the number of discrete frequency values. This pro 
cess is also referred to herein as attribute discretiZation or 
attribute hash. In general, discretiZation is the process of 
mapping an array of number (often including duplicates) to a 
discrete set of values or ranges. Thus, numbers that are close 
enough to be considered identical can be treated as being 
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10 
identical: given a set of k numbers in increasing order, 
n1, . . . , nk, discretiZation involves identifying m values 

r1, . . . , rm in increasing order that correspond to adjacent 

intervals [r1, r2)[r2, r3), . . . , [rm_l, rm) such that each n1- falls 
into an interval. Moreover, the discretiZation of feature values 
at 410 can be based on a statistical variance of the values and 
a user-controllable variable that affects the number of buckets 
used for a particular ontology (e.g., based on the Attribute 
Hash parameter described below). 
A statistical concept-distance metric can be calculated at 

420, using the discretiZed values as input, to produce a score 
and ranking for candidate feature values to be included in the 
ontology. The statistical concept-distance metric can be a 
traditional metric such as information gain, mutual informa 
tion, or chi squared. Alternatively, the statistical concept 
distance metric can be a modi?ed version of information gain, 
as is described below. 

The most distinguishing features can be selected at 430 
based on the calculated statistical concept-distance metric 
and a user-controllable input. Selecting distinguishing fea 
tures is important since proper selection of these features can 
signi?cantly help differentiate which categories a new 
unknown document should be categoriZed under. The most 
relevant (signi?cant) features can be selected at 440 based on 
a user-controllable input, and features can be assigned to the 
ontology at 450 according to the intersection of the distin 
guishing features and the relevant features (note that the iden 
ti?cation and selection of most relevant features can be per 
formed in parallel with the identi?cation and selection of 
most distinguishing features). Detailed examples of these 
operations are now described, including the modi?ed version 
of information gain. 

Information gain is a function that exploits the groupings of 
documents under different nodes in a seeded ontology. A 
vocabulary is built, where the vocabulary includes all terms 
(words or phrases) in the documents (excepting any stoplisted 
words, and potentially using word truncation and stemming). 
Documents that are used to describe different nodes (which 
represent distinct categories) are considered to be in distinct 
groups (a group of training documents for a given category). 
In the example discussed above in connection with FIG. 3, 
there are two categories: Applicant Resumes and Product 
Datasheets. The vocabulary is the set of terms that occur in the 
corresponding documents of the categories (e.g., the set of 
words found in the documents prodbroch-0003.acro.txt, 
prodbroch-0004.acro.txt, prodbroch-0006.acro.txt, resume 
000l.acro.txt, resume-0002.acro.txt, resume-0003.acro.txt, 
and resume-0004 .acro.txt). 

Information gain can be used to produce a ranking of the 
vocabulary terms, where the highest ranked terms are most 
distinguishing between the various groups. In other words, a 
term is ranked high if knowing its relevance (or frequency) 
within a document can help identify the appropriate group for 
the document, with a certain degree of con?dence. For 
instance, the term “experience” may not occur in a product 
datasheet at all, but may occur frequently in applicant 
resumes. Lower ranked terms may occur in multiple groups 
with equal probability (such as the term “Java”) or may occur 
in one group very infrequently (e.g., a speci?c person’s name 
may be in only one resume). 

Documents can be represented as a set of features, where a 
feature corresponds to a term and that terrn’s frequency 
within the document. Across a corpus (the set of documents 
forming the training sets for the various categories), the same 
term may occur with varying frequency in different groups. 
For instance, a term may occur with frequency of 0.3 in one 
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group, and 0.7 in another. Similarly, another term might occur 
With frequency 0.35 in one group, and frequency 0.36 in 
another. 

The information gain computation can be as follows: 
Given: 
A set of documents S 

An attribute (Word or term) A 
A set of values V A of A consisting of the distinct values of 
A for all documents in S 

A partition SAIV of S based on VA. 
Information Gain (IG) of A: 

IG(A) = H(S) - Z 
veVA 

ISAIVI 
ISI 

H(SAIV) 

H(S) is the entropy of set S 
IG(A) is maximum When feature occurs With distinct V, for 

each class 
IG(A) is minimum When feature has same value for all 

classes 
Furthermore, in the equation above, the entropy function 

H(S) can be de?ned as folloWs: 
Given: 
Set of classes (categories) C 
Distribution over categories pc:|Sc|/|S|, probability of 

class c in S, (Where |S| is the number of document 
category relationships in S, and |Sc| is the number of 
documents that belong to category c). 

Entropy: 

Key ideas: 
H(S) is minimum (0) When all documents are in one 

class 
H(S) is maximum When all classes are equally likely 

Traditional information gain techniques typically identify 
the terms that render the greatest reduction in entropy. This is 
usually accomplished by using the term’s frequency across a 
corpus, and identifying hoW Well the frequency (the associ 
ated feature value) identi?es the category. HoWever, in typical 
corpora, attributes that are otherWise informative, may occur 
often in one (or feW) categories but not at all in most other 
categories. In other Words, the term helps to distinguish sub 
groups of categories from the remaining categories. 

Unfortunately the term has loWer information gain if there 
are too many categories in Which the term does not occur, 
because knoWing that the term is absent does not readily help 
in identify the groups With Which the term is associated. This 
behavior is generally acceptable in traditional machine leam 
ing approaches that rely on feature selection, but this behavior 
may not be ideal for populating an ontology With sub-con 
cepts because this approach may ?lter out sub concepts that 
are relevant and important. To overcome this, When comput 
ing the information gain of a term t, the present techniques can 
involve computing and taking only a fraction of the entropy of 
the set of documents for Which t is absent. The modi?ed 
function can be understood as a Smoothed Zero-Value Infor 
mation Gain (SZVIG) and can be de?ned by the folloWing 
equation: 
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H(SAIV), 

SZVIG can provide signi?cant advantages When populating 
an ontology With key terms. 
The information gain of an attribute can be signi?cantly 

affected by the distribution of values in V A. As addressed 
above, documents can be represented as frequency feature 
vectors: vectors of features and their frequency in the docu 
ment. The frequency distribution can form natural clusters of 
individual frequencies, for Which tWo frequencies in one clus 
ter can be considered the same (such as the occurrence of the 
term “software” With frequencies of 0.35 and 0.36 in tWo 
document groups, respectively). 

To assist in identifying meaningful clusters of term values 
across a corpus, various term value discretiZation techniques 
can be used. These techniques can be controlled by param 
eters that can be adjusted by a user. Moreover, the selections 
of these parameters can depend on computed statistical char 
acteristics of the clusters of attribute values. For example, one 
important characteristic of the cluster can be the variance of 
values Within a cluster. 
The attribute discretiZation technique can have a signi? 

cant impact on the ?nal results, because the discretiZation 
determines What difference in attribute value is signi?cant 
enough to be considered informative. In other Words, if the 
discretiZation is too selective, then the tWo term frequencies 
of 0.35 and 0.36 in tWo different document groups may be 
considered distinct, and therefore the term Would be more 
likely considered informative because knoWing its frequency 
in a neW document Would indicate Which group the neW 
document belongs to. In some implementations, the folloW 
ing parameter, AttributeHash, can be used to control the 
attribute discretiZation behavior. 
The AttributeHash parameter can be used to control the 

degree of granularity of the feature value-discretiZation that 
takes place in computation of the information gain of a fea 
ture. The AttributeHash parameter can control the degree to 
Which tWo different feature values are considered the same. 
For a given feature A in the vocabulary, each document x has 
an associated value f A(x) (in this case, the frequency of A). 
The discretiZation of the attribute values of A can depend on 
the variance of f A(x) across all documents x in the corpus, 
together With the AttributeHash parameter value v, Which can 
be supplied by the user. 

For each attribute A, the attribute values f A(x) can be sorted 
and subsequently grouped by variance. The maximum vari 
ance of each group is a function of the variance across the 

corpus: 

xeS 

Where TA is the average across all documents x: 

i 1 (3) 
fA = fA(X) 



US 7,644,052 B1 
13 

Variants of this methodology can include an approach Which 
uses log(|S|) instead of V. The AttributeHash parameter can 
provide improved performance over prior approaches, in par 
ticular, When combined With the feature selection and assign 
ment as described herein. 

The information gain (IG) function (e.g., SZVIG as 
described above) can produce a ranking of the vocabulary 
terms, ranked by their ability to distinguish betWeen catego 
ries. The machine learning process that augments (or aggre 
gates) the ontology With neW concepts (in this case, vocabu 
lary features) can select the features With the highest 
information gain valueithat is, those ranking above some 
cutoff. This cutoff can be selected in various Ways, and the 
cutoff can be partly controlled by a parameter called the 
Overall parameter, Which is described further beloW. 

For a node that is associated With a set of training docu 
ments, subsets of the collection of most distinguishing overall 
terms can be selected to associate With the node. The decision 
about Which vocabulary terms to use in this augmentation can 
depend on the value of the term to the associated group of 
documents (represented by the frequency), and on a third 
tuning parameter, referred to as the BestFeatures parameter. 
This tuning parameter can be used to select the set of terms 
that are most relevant to the group of documents at hand, and 
the relevance can be determined by the object feature vector. 
Note that the use of the term “BestFeatures” and the phrase 
“best overall features” herein does not imply that these fea 
tures are the best possible in some absolute sense. 
A term is relevant if it occurs frequently in the set of 

documents. The term can be included as a sub-concept of the 
document-seeded concept at hand if the term is among the 
concept’s most relevant terms, AND the term is among the 
most distinguishing overall terms. For example, if the terms 
“education” and “platform” are terms selected as most dis 
tinguishing overall terms, then those terms that have high 
relevance to the Product Datasheet category, e. g., “platform”, 
can be added as a sub-concept of Product Datasheet. In con 
trast, the term “education” may have loW value to the Product 
Datasheet category, and in such case Would not become a 
sub-concept. 

In general, the behavior and quality of results for a data 
driven machine learning method of building an ontology 
depends on the characteristics of the data, such as the relative 
number of terms in documents and the degree of overlap 
betWeen document groups. By providing the three primary 
parameters described (AttributeHash, Overall, and BestFea 
tures), the behavior of the statistical machine learning portion 
of the ontology aggregation process can be readily controlled, 
and the quality of the results can be signi?cantly improved. 
These three parameters can be user-controllable and can also 
have default settings. The statistical ontology aggregation 
process is noW described in detail in connection With these 
three parameters. 

FIG. 5 is a block diagram shoWing an example process of 
selecting features to use in augmenting an ontology. A seed 
ontology includes different categories With associated groups 
of documents 510, 520 and 530. The black dots represent 
features, e.g., a feature 500, that have been pulled from these 
documents, and are then ranked 550 according to hoW distin 
guishing the features are With respect to the categories. In 
general, features that occur in all three categories are less 
distinguishing than features that occur in only one category, 
and features from different document groups 510, 520 and 
530 are ranked by the reduction in uncertainty that the fea 
tures contribute to the classi?cations corresponding to those 
document groups (e.g., ranked by the information gain metric 
described). 
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The features can also be ranked by their value to the cat 

egory (or categories) in Which they are found. Those features 
that are valuable to their category, and also are among the 
most distinguishing features (e. g., as determined by a thresh 
old 555), represent the best overall features 560. These fea 
tures can then be used for ontology augmentation. 

As discussed above, the computation of information gain 
can involve feature value discretiZation, and this discretiZa 
tion can employ varying degrees of granularity using the 
AttributeHash parameter. An attribute may be associated With 
many different values across a corpus of documents; the Word 
“Java” may occur With frequency 0.070 in one document and 
0.065 in another, and 0.030 in a third. The AttributeHash 
parameter in?uences the number of different values that an 
attribute can actually take on in a corpus, by in?uencing the 
number of buckets into Which the attribute values can be 
placed. Thus, the AttributeHash parameter can control the 
degree to Which tWo different feature values are considered 
the same for purposes of computing the information gain. In 
the above example, a loW AttributeHash may take the values 
0.070 and 0.065 to be the same, Whereas a higher Attribute 
Hash may take these values to be different. The shrinkage in 
the number of value buckets can be controlled according to 
equation (2), Which can be pictorially understood as folloWs. 

FIG. 6 shoWs a comparison of different attribute value 
discretiZations. TWo different groups of documents 610 and 
620 are shoWn With respect to tWo cases: a loW AttributeHash 
630 and a high AttributeHash 640. As before, the dots repre 
sent features in the vocabulary, but in this case, the siZe of the 
dots corresponds to the value in the feature vector (e.g., the 
frequency) for the corresponding feature. The dots in the 
overlapping regions of the document groups 610 and 620 
indicate that the vocabulary feature has a non-Zero Zero value 
in both of the tWo document groups. With the loW Attribute 
Hash 630, features generally take on a smaller set of values 
across documents; and With the high AttributeHash 640, fea 
tures generally take on a larger set of values across docu 
ments. 

In the loW AttributeHash 630, tWo features 660 and 670 are 
considered to be close enough as to have the same value, With 
respect to information gain (represented by dashed circles). A 
third feature 650 has been discretiZed to a value of Zero in the 
document group 620, and thus this feature 650 does not 
appear in the overlap region. In the high AttributeHash 640, 
features that are close in siZe are more likely to be considered 
different. In this case, the feature 660 is considered to have the 
same value in the tWo document groups 610 and 620, but the 
features 650 and 670 are not. Thus increasing the value of the 
AttributeHash parameter causes the creation of more buckets 
into Which attribute values are placed, With less difference 
betWeen values in different buckets, and decreasing the value 
of the AttributeHash parameter causes the creation of feWer 
buckets, eventually causing information gain to interpret fea 
ture vectors as if they are binary-valued. 

In general, When the feature overlap betWeen groups of 
documents (Which can be understood as noise in the training 
sets) is minimal, the AttributeHash should be set to a loWer 
value so that the feW features that do occur in multiple docu 
ment groups Will correspond to feature values that belong to 
the same group; thus the Word Will be considered less infor 
mative. Otherwise, the AttributeHash can be set higher so that 
knoWing the value of a Word on a document Will help to 
identify the document class. Additionally, if one category has 
signi?cantly more vocabulary Words than another (such as 
With a large collection of full neWs articles verses a smaller 
collection of just headlines), then the AttributeHash param 
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eter value should be set higher. Typical values for the 
AttributeHash parameter can be in the range of 3 to 10, and 
the default value can be 3. 

FIG. 6B shows attribute value discretiZations in combina 
tion With thresholds used to determine the best overall fea 
tures. While the output of the information gain function can 
be directly in?uenced by the AttributeHash parameter, the 
Overall parameter governs the set of overall mo st distinguish 
ing terms that information gain retrieves by controlling a 
threshold 680 at Which a vocabulary feature is considered 
suf?ciently informative. The options for the Overall param 
eter can include a variance setting and a proportion setting. 
The variance setting affects the number of features selected 
based on the variance of the information gain rankings, and 
the proportion setting affects the number of features selected 
based on the total number of features ranked. 
As shoWn in FIG. 6B, the feature 650 (Which the Attribute 

Hash placed into discrete buckets for the tWo document 
groups 610 and 620) has a high information gain. Knowing 
the value of the feature 650 reduces the total entropy (thus 
increasing information gain) since the feature occurs With a 
different value in the tWo groups 610 and 620. The feature 660 
has loW information gain because the AttributeHash caused 
the information gain function to treat the tWo frequencies of 
the attribute as the same value in the tWo groups 610 and 620. 
Thus, knoWing the attribute value does not provide a gain in 
information. 
As mentioned above, variance and proportion are different 

heuristics that can be used for setting the Overall threshold 
680. The variance option for the Overall parameter can 
involve computing the variance over all of the information 
gain values and selecting the top most informative features 
having some limited variance. For example, the variance set 
ting for the Overall parameter can be computed according to 
the folloWing equation: 

1 i 2 (4) 
E2 (SZVIG(A) —SZVIG) , 

Where V is the vocabulary, g is the parameter value for the 
Overall parameter (Which can be provided by the user), and 
SZVE is the average Smoothed Zero-Value Information 
Gain across all vocabulary terms. The variance setting may be 
recommended if more sparse ontologies are desired, or for 
ontologies Which are generated depending on data. For 
experimentation, starting With the variance setting may be 
preferable. Selecting loWer values for g Will loWer the thresh 
old 680 of distinguish ability. Settings for g can be betWeen 2 
and 5. 

The proportion setting for the Overall parameter alloWs the 
user greater control over the set of best features selected by 
selecting a proportion of features. That is, if the user supplies 
a proportion such as 0.5, then the 50% of vocabulary Words 
that have the highest information gain are selected as the set 
of best overall features. This setting for the Overall parameter 
can provide more ?exibility, and the default setting can be a 
proportion of 0.1. 

Typical values for the proportion setting of the Overall 
parameter can be in the range of 0.05 to 0.40 for large, noisy 
corpora, such as With corpora of research papers or neWs 
articles, and higher for smaller or less noisy corpora. A gen 
erally optimal setting for this parameter, for a given data set, 
can produce an ontology that is as dense as possible, With 
minimal shared child nodes across categories. Decreasing the 
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proportion reduces the number of features that are considered 
distinguishing, and is recommended if there is a large dispar 
ity betWeen the number of features in different classes, or if 
the distinguishing features are likely to be spurious. The 
proportion should be increased if a more connected graph 
With more shared descendent nodes is desired. 

Given a node and a vocabulary, the BestFeatures parameter 
governs the set of features that are considered most valuable, 
Where the “value” of a feature is the value in the feature vector 
(e.g., the frequency of the feature in the set of documents). 
This ranking can be completely independent of the Attribute 
Hash and Overall parameters. HoWever, in a Way much like 
that of the Overall parameter, the BestFeatures parameter 
governs a threshold 690, and features Whose value is above 
the threshold are considered to be semantically valuable to the 
ontology node at hand and are considered for aggregation. 

The BestFeatures parameter can also have variance and 
proportion settings. In the case of the variance setting for the 
BestFeatures parameter, the discretiZation of features values 
can use the variance of the feature vector values, and the terms 
that are in the highest rank groups can then be selected. The 
variance setting for the BestFeatures parameter can be a non 
negative integer, Where larger values cause feWer terms to be 
used. The variance can be de?ned as follows: 

Where V6 is the collection of all vocabulary features occurring 
in all documents of category c, L is the average frequency of 
feature A in all documents of category c, and T is the average 
across all vocabulary terms A: 

1 (6) 
fA = fA(X), 

i 1 (7) 

f — mfg/EJ31 

The proportion setting for the BestFeatures parameter can 
be used to control the proportion of the number of terms that 
are selected (the highest ranked terms). If this setting is 0.3, 
then 30% of the features are considered “best”. Use of the 
proportion setting for the BestFeatures parameter can alloW 
greater control over the features that are used to populate the 
ontology. Note that this is different from distinguishability 
since a feature can be relevant but have the same relevance in 
all categories, and conversely, a feature can be distinguishing 
in general, but relevant to a speci?c category far more than 
other categories. 

In the context of FIG. 6B, increasing the proportion setting 
for the BestFeatures parameter loWers the threshold 690, and 
thus increases the number of features that are considered 
valuable. The proportion is maximal When all of the features 
are considered valuable enough to include in the ontology, 
and in such case, the inclusion of features in the ontology then 
depends entirely on the selectivity of the Overall parameter 
(subject to the AttributeHash parameter). Recommended set 
tings for the proportion setting for the BestFeatures parameter 
are betWeen 0.25 and 0.60. LoWer values are recommended 
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for more sparse ontologies, or for When there is more spurious 
data, While higher values are better suited for ontologies 
Which have less noisy data. 

FIG. 6B depicts the interplay betWeen the three param 
eters: AttributeHash, Overall, and BestFeatures. The tWo fea 
tures 650 and 655 are selected as neW nodes in the ontology. 
Both are above the information gain threshold 680, as set by 
the Overall parameter, and both are above the feature signi? 
cance threshold 690, as set by the BestFeatures parameter. 
TWo additional parameters can also be used to constrain the 

features selected by limiting the proportion of overall features 
that can be associated With a node, or limiting the number of 
features to associate With a node. The latter parameter setting, 
if loW enough, alloWs all categories to be treated equally 
regardless of the number of terms and number of documents. 
The former achieves a similar result, but depends on the 
vocabulary siZe. 

Note that the proportion and variance settings described 
above for the Overall and BestFeatures parameters can be 
used in various combinations, either Within a given imple 
mentation, or With different implementations of the described 
systems and techniques. In addition, it should be noted that 
explicit discretiZation in order to facilitate selection of fea 
tures has been used previously to facilitate naive Bayes and 
decision tree learning classi?ers. 

The above described techniques for aggregating an ontol 
ogy can also be understood in the context of the folloWing 
pseudo code: 

input: a seed ontology, represented as a DAG, having some 
initial structure, 

Where nodes can be plain, described by keyWords, or 
described by documents. 

Al. Traverse the tree. At each node: 
Ala) if the node is described by a list of documents, fetch 

the documents from the database. 
Alb) if the node is described by a set of keyWords for use 

in symbolic augmentation, 
i. mine the symbolic ontology (e.g., an English compre 

hensive ontology, such as WORDNET®) using those 
keyWords 

ii. use heuristics to determine Which results to include in 
the augmented ontology 
these heuristics can be user controllable, such as 

fetching the “instance of” subtree or just the 
“instance of” children, fetching the “part of” sub 
tree, and/or using other keyWords to help disam 
biguate the sense if no sense Was provided 

iii. bind the fetched DAG to the ontology node. 
A2. For each node _N having children that are described by 

a set of documents, 
A2a) create a group of documents for each child node. 

All documents in a group are documents that can be 
reached by folloWing nodes connected to the given 
child node, e. g., there may be several types of Product 
Datasheets, but all are used to describe the Product 
Datasheet group. 

A2b) compute, for each vocabulary term t, the information 
gain IG(t) over this set of document groupings. 
Use the attribute discretiZation parameter AttributeHash 

(described above). 
IG gives rise to a ranking for all terms in the vocabulary. 

A2c) use the Overall selection parameter that has been set 
by the user 
(or the default value) to select the highest ranked 

vocabulary terms (see above). This produces the set of 
most distinguishing terms, called _MostDistinguish 
ing. 
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A2d) for each child node, _CHILD, of _N, given _Most 

Distinguishing 
i) let _D be the documents, represented as feature vec 

tors, that describe _CHILD 
ii) compute the averaged feature vector over _D, _Aver 
ageFV 

iii) select highest ranked features in _AverageFV using 
the BestFeatures parameter (see above) 

iv) from these highest ranked features, choose the ones 
that are also in _MostDistinguishing, and use these in 
the _TermSelection 

v) the _TermSelection is noW a collection of most dis 
tinguishing terms that are also most relevant to 
CHILD. A neW child node, _IG, signifying this infor 
mation theoretic facet of ontology augmentation 
becomes a neW child of _CHILD, and all of the terms 
in _TermSelection correspond to child nodes of _IG. 

Furthermore, the attribute discretiZation described above 
can be global and unsupervised. This attribute discretiZation 
can be in?uenced by an input-controlled factor and be based 
on the statistical variance of attributes, such as described 
above. This attribute discretiZation can be called DiscretiZa 
tionVariance (DVar) and can also be understood in the context 
of the folloWing pseudo code: 

Given: an array of ordered values of real numbers, and a 
factor f. 
A) Calculate the variance of the array v. 
B) Let mql/f. This is the maximum variance of any group. 
C) Invoke the computation on the array, given the maxi 

mum variance: 

1. Compute the mean of the values. 
2. Compute the variance of the values. If the variance is less 

than the maximum, 
3. note the loWest value of the numbers and return. 
4. OtherWise, cut the array into tWo sections based on the 

mean. 

5. Recursively perform step C on each of the tWo sections. 
This approach can have the folloWing noteWorthy proper 

ties. The variance of any portion of the array cannot be larger 
than the variance of the entire array. In general, this is because 
the values in that portion of the array must be at least as close 
to the average of their values as they are to the average of the 
entire array. Therefore the variance of a subgroup of items 
Within a group of items is an effective Way of measuring hoW 
relatively close the items are. Moreover, a simple extension of 
this approach can factor in the number of attributes to be 
discretiZed as Well, by taking as a factor f some reducing 
function of the number of attributes k (such as ln(k), sqrt(k), 
etc.). The ontology builder can implement this as an option as 
Well. 
DVar can map a continuous-valued ?nite set of numbers 

into a ?nite set of intervals. In contrast With many prior 
discretiZation approaches, DVar can discretiZe attribute val 
ues independent of any class memberships of those values. 
Moreover, DVar makes use of variance in discretiZation, and 
the granularity of discretiZation in DVar can be in?uenced or 
controlled by an input parameter. 

Implementations of the present systems and techniques can 
employ a directed acyclic graph (DAG) to represent a gener 
ated ontology. Moreover, a DAG can be stored in a relational 
database in a manner noW described, Which can, in general, 
alloW applications that employ hierarchical knowledge struc 
tures to e?iciently represent, search and retrieve DAGs. The 
folloWing DAG representation systems and techniques can 
provide signi?cant performance improvements during 
knoWledge retrieval and querying functions, and can have 
direct application to large Bayesian Belief NetWorks by pro 






















